Urban pollution has significantly contributed to the spread of diseases and global warming. The analysis of spatial distribution characteristics of atmospheric pollutants is crucial for making sustainable industrial policy, and environmentally friendly urban planning. In this paper, GeoDa software is used to analyze how sulfur dioxide (SO 2 ), nitrogen oxides (NO x ), and smoke dust (DUS) are spatially distributed in various provinces of China. Then, global spatial correlation test and cluster analysis are carried out to obtain the spatial evolution characteristics of three pollutants. Afterward, the spatial panel data model is applied to explore the factors that affect the spatial evolution of SO 2 , NO x and smoke dust (DUS) nationwide. MATLAB is used to estimate the Spatial Lag Model (SLM) and the Spatial Error Model (SEM) of the three pollutants, respectively. According to our analysis, SEM is more applicable for SO 2 and NO x , whereas SLM is optimal for smoke dust (DUS). The results show that foreign direct investment (FDI), industrial structure, and urbanization aggravate environmental pollution, while per capita gross domestic products (per capita GDP) has a negative relationship with the cluster of pollutants. The study concludes by informing public policy makers on environment friendly policies for a more sustainable development.
Introduction
Environmental issues are a significant concern all over the world, especially in China. With the rapid development of China's current economy and its urbanization and industrialization, air pollution has become an increasingly severe problem, threatening human health and the sustainable development of countries [1, 2] . This has drawn widespread concern about the spatial and temporal changes in air pollution [3] . Atmospheric pollutants can be divided into gaseous pollutants, which mainly include sulfur dioxide (SO 2 ) and nitrogen oxides (NO x ), and aerosol pollutants, commonly existed in the form of smoke dust (DUS). SO 2 can form particulate matter and acid rain, which leads to acidification of the soil, pollution of rivers, and corrosion of metals and buildings [4] . NO x is one of the main substances causing atmospheric acidification and the major source of ozone in the troposphere [5, 6] . DUS can cause serious health issues and a reduction in urban atmospheric visibility [7, 8] . Although the environmental quality has improved in recent years, due to the uneven economic development in different regions, different environmental problems have tangled up, which has seriously affected the healthy and sustainable development of China's economy. Therefore, an investigation into the spatial evolution of urban pollution in China and the factors influencing it is of great importance and significance.
Anthropogenic sources of air pollution include combustion products from energy production, motorized transportation, and household heating of wood, coal or oil, waste incineration, industrial Sustainability 2019, 11, 4376 3 of 18 There are 34 provincial-level administrative regions in China. As spatial measurement analysis requires certain spatial connection among the spatial units and there are difficulties in obtaining data from Special Administrative Regions (i.e., Hong Kong, Macao, Taiwan), we cannot but excluded Hong Kong, Macao, Taiwan, and Hainan in the study. Therefore, we carried out our study by using the remaining 30 provincial regions as spatial units.
Data of the pollutants in this study are all obtained from China Statistical Yearbook, which is an annual statistical publication complied by the National Bureau of Statistics of China aimed at comprehensively reflecting the economic and social development of China. The latest issue of the yearbook is the 2018, which recorded the statistics of 2017. Meanwhile, some pollutant indicators are missing in the yearbooks before 2011. Because of these reasons, we selected SO 2 , NO x , and DUS data from 2011 to 2017 as our analysis samples.
In the selection of influencing factors found in existing literature, we have selected five types of influencing factors: industry location quotient (IND), proportion of urban population (URB), per capita (GDP), foreign direct investment (FDI), and population density (DEN) to investigate how they affect the emissions of different pollutants. Data on influencing factors are obtained from the Wind database. Among them, IND is the ratio of industrial outputs of each provincial region to that of the nationwide, reflecting industrial concentration and dispersion. Prior studies show that urban pollution is closely related to industrial structure [25, 26] . Elhorst and Paul also indicate that industrial structure is the dominant factor affecting environmental patterns in China [27] . URB refers to the proportion of non-agricultural population in each provincial region. The level of urbanization also has a certain impact on climate pollutions [28] . Moreover, according to the Environmental Kuznets Curve Theory, per capita income is related to environment quality, so this paper selects the per capita GDP of each provincial region to indicate the economic growth. The "Pollution Haven Hypothesis" [29] states that countries with strict environmental standards seek to taking advantage of factories or industries in developing countries with lax environmental regulations, thereby transferring pollution to these countries and making them "pollution safe havens" for the developed countries [30, 31] . Thus, this paper uses the amount of FDI in each provincial region to indicate the transfer of foreign industries. As population density might also affect air pollution [32] [33] [34] ; we intend to examine its impact on pollution.
In all, we choose industry location quotient (IND), proportion of urban population (URB), per capita (GDP), foreign direct investment (FDI), and population density (DEN), and the emissions of sulfur dioxide (SO 2 ), nitrogen oxides (NO x ), and smoke dust (DUS) in 30 provincial regions in China from 2011 to 2017 as analysis samples, and the total data is 1680.
Method Selection
The empirical analysis is divided into two parts. The first part analyzes the spatial evolution characteristics of SO 2 , NO x , and DUS, produces quartile statistics, and then performs Moran's I and local Moran's I tests. The second part uses spatial panel data model to explore the connection between each influencing factor and the emission of the three pollutants, and then applies the maximum likelihood method to estimate the parameters and select the appropriate model [35] .
Analysis of Spatial Evolution Characteristics
The spatial evolution characteristics of the three pollutants: First, we used GeoDa software to plot the quartile statistics of SO 2 , NO x, and DUS emissions, which can visualize the spatial characteristics of the three pollutants. The Moran's I test is performed to measure the global spatial correlation of the three pollutants. Moran's I is the correlation coefficient of the overall data, reflecting the spatial Sustainability 2019, 11, 4376 4 of 18 clusters and dispersion of the activities of the whole region. The scatter plots are applied to visualize the spatial characteristics of each provincial region. The formula of Moran's I is shown as follows:
In the formula,
is the observation value of the i-th geographic unit; n is the total number of geographic units; W ij is a standard contiguity matrix. Moran's I ranges from −1 to 1. If the value is positive, it indicates a positive spatial correlation of the observed geographic units; if it is negative, there is a negative spatial correlation of the observed geographic units.
Next, the Local Indicators of Spatial Association (LISA) cluster analysis is performed to visualize the results of the local Moran's I. LISA are used to evaluate whether there are variables in local areas. The LISA of each geographic observation unit represents the spatial cluster of a given geographic observation unit with other similar units at a certain significance level. The sum of the LISA of all geographic observation units is related to Moran's I. Local Moran's I is expressed in the formula below:
In the formula, W ij is a spatial weight matrix. Moran s I i can be used to show that the observation value deviation Z i of the i-th geographic observation unit is multiplied by the weighted average value of the observation value deviation Z j of its neighboring unit j. If Z j > 0, there are similar spatial clusters in the geographic observation units; otherwise the clusters are not similar [36] .
Analysis of Spatial Panel Modeling
The second part explores the relationship between influencing factors and air pollution emissions by establishing spatial panel models, using MATLAB software and the maximum likelihood (ML) to estimate the parameters of the models. At the same time, log-likelihood (LogL), LM test and Robust LM test are conducted to select the optimal analysis model [37] .
There are two commonly used spatial panel models, the Spatial Lag Model (SLM) and the Spatial Error Model (SEM). SLM is mainly used to study the effects of individuals in specific regions on the economic activities of geographically adjacent areas. SLM highlights the existence of spatial dependence in variables and it has a critical influence on the model and its spatial correlation. In SLM, the spatial correlation of explanatory variables is represented by spatially lagged explanatory variables, and the established model is as follows:
In the model, WLnV is the spatially lagged explanatory variable, and ρ is the spatial autoregressive coefficient. The estimated value and positive or negative of ρ shows the geospatial correlations and directions (positive or negative). w is the spatial weight matrix for dimension, which is generated by using proximity relationship.
SEM is mainly used to capture the spatial interactions across different units, i.e., the errors of the established model are spatially correlated. When the spatial correlation is transmitted by other variables that are not estimated by the explanatory variables of the model, it can be determined that the spatial error is the cause for the spatial correlation, which is measured by SEM. The model is shown as follows:
Sustainability 2019, 11, 4376 5 of 18 In the model, LnIND, LnURB, LnDEN, LnFDI, LnAGDP represents the logarithmic of industry location quotient, proportion of urban population, and population density, foreign direct investment and per capita GDP respectively, λ is the spatial error autocorrelation coefficient, and represents the spatial correlation between the regression residuals, LnWµ is the spatially lagged error term.
Due to the differences in the characteristics of pollutants, we cannot directly judge which spatial model is better. The following criteria can be used to select the appropriate model for analysis. The appropriate model can be determined by comparing the significance of the Lagrange Multiplier (LM) test first in the spatial correlation analysis. LM, proposed by Engle, is a statistical method used to test sequential correlation [38] . When the LM test values of SLM and SEM are significant further steps can be taken to compare the Robust LM-test value to determine the optimal model. LogL is the log likelihood value of the model. The larger the log likelihood value, the better the model fits.
Data Preprocessing
This paper uses annual data from each provincial administrative region across China. Due to the differences in each index unit, we processed the data logarithmically in order to enhance the validity of this empirical study. Since there are boundaries around adjacent provincial regions, the K-Nearest Neighbors for Spatial Weights were used, as the K-Nearest Neighbor is a model with a changeable search distance. The K data-points closest to the center form a neighboring data-set. If the data are dispersed, the search distance becomes wider. In cases where the distribution of data in the studied area are scattered, the K-Nearest Neighbor can be used to ensure the existence of the adjacent object. As the neighbors of each provincial region are quite different in number, we use this matrix to ensure that each can find its neighbors within in certain distance. Given this, the weight of the geographic unit and its adjacent provincial regions is the reciprocal of their geometric distance, i.e., 1
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Analysis of Global Spatial Autocorrelation
This paper uses Moran's I to explore the spatial correlation. In order to analyze the changes of SO2, NOx, and DUS emissions from 2011 to 2017, we statistically analyzed how the three pollutant emissions were distributed in each provincial region in 2011, 2014, and 2017. The spatial quartile distributions are shown in Figure 1 . As shown in Figure 1 , the saturation of the orange color decreases in correlation with each region's decrease in SO2 emission. Provinces in the dark orange area have the highest SO2 emission and provinces in the cream cultured regions have the lowest SO2 emission. In 2011 and 2014, the dark orange areas included Inner Mongolia, Liaoning, Shanxi, Hebei, Guizhou, Shandong, Jiangsu, and Henan. In 2017, the amount of SO2 emission decreased in Henan, and yet increased in Xinjiang. In 2011 and 2014, excluding the increase in emissions in Tianjin, the cream-colored areas, the light orange and the orange areas remained unchanged. In 2017, SO2 emissions in Heilongjiang, Chongqing, and Anhui increased, while those in Tianjin, Hunan, Hubei, and Zhejiang decreased.
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As shown in Figure 2 As can be seen in Figure 3 , the provinces with highest DUS emissions in 2011 and 2014 are marked by dark orange. These regions include: Xinjiang, Inner Mongolia, Heilongjiang, Shanxi, Hebei, Henan, As can be seen in Figure 3 , the provinces with highest DUS emissions in 2011 and 2014 are marked by dark orange. These regions include: Xinjiang, Inner Mongolia, Heilongjiang, Shanxi, Hebei, Henan, Liaoning, Shandong, and Jiangsu. In 2017, DUS emissions in Henan decreased. After the decrease in Yunnan Province in 2014, it increased again in 2017. In 2017, emissions decreased in Jilin and Hubei, but increased in Guangxi and Jiangsu. As can be seen in Figure 3 , the provinces with highest DUS emissions in 2011 and 2014 are marked by dark orange. These regions include: Xinjiang, Inner Mongolia, Heilongjiang, Shanxi, Hebei, Henan, Liaoning, Shandong, and Jiangsu. In 2017, DUS emissions in Henan decreased. After the decrease in Yunnan Province in 2014, it increased again in 2017. In 2017, emissions decreased in Jilin and Hubei, but increased in Guangxi and Jiangsu. Figure 4 , most provinces' points are in the first and third quadrants, which indicates that provinces with high emissions tend to be surrounded by provinces with high air pollution, i.e., (H, H) cluster, and likewise, provinces with low emissions tend to be surrounded by other provinces with low emissions, i.e., (L, L) cluster. In these three years, the fourth quadrant distribution is the least of the four quadrants. These characteristics clearly show that provinces with higher SO2 emissions tend to cluster, and provinces with lower SO2 emissions also tend to cluster. Overall, SO2 emissions in China present characteristics of cluster.
As can be seen from Figure Figure 4 , most provinces' points are in the first and third quadrants, which indicates that provinces with high emissions tend to be surrounded by provinces with high air pollution, i.e., (H, H) cluster, and likewise, provinces with low emissions tend to be surrounded by other provinces with low emissions, i.e., (L, L) cluster. In these three years, the fourth quadrant distribution is the least of the four quadrants. These characteristics clearly show that provinces with higher SO 2 emissions tend to cluster, and provinces with lower SO 2 emissions also tend to cluster. Overall, SO 2 emissions in China present characteristics of cluster.
As can be seen from Figure 5 Figure 4 , most provinces' points are in the first and third quadrants, which indicates that provinces with high emissions tend to be surrounded by provinces with high air pollution, i.e., (H, H) cluster, and likewise, provinces with low emissions tend to be surrounded by other provinces with low emissions, i.e., (L, L) cluster. In these three years, the fourth quadrant distribution is the least of the four quadrants. These characteristics clearly show that provinces with higher SO2 emissions tend to cluster, and provinces with lower SO2 emissions also tend to cluster. Overall, SO2 emissions in China present characteristics of cluster.
As can be seen from Figure 5 The scatter plot divides the relevant patterns of pollutant emissions into four types according to the coordinate system: the first quadrant on the upper right of the coordinates shows that areas with high pollutant emissions are clustered by other areas that also demonstrate high pollutant emissions. It means that the spatial correlation is positive and is represented by (H, H) . The second quadrant on the upper left of the coordinates represents that areas with low pollutant emissions are surrounded by areas with high pollutant emissions, reflecting negative spatial correlation, which is represented by (L, H). The third quadrant on the lower left of the coordinates stands for regions with low pollutant emissions has the similar level of pollutant emissions in the neighboring regions, demonstrating a positive spatial correlation shown by (L, L). The lower right of the coordinates is the fourth quadrant, representing areas with pollutant emissions are characterized by low pollutant emissions in the adjacent areas, indicating that there is negative spatial correlation, i.e., (H, L). The spatial correlations in the first and third quadrants are positive, meaning that there is a dependency among similar geographic observation units; the spatial correlation in the second and fourth quadrants is negative, indicating that there is heterogeneity among different geographic observation units. As shown in the above figure, most of China's provinces are in the first and third quadrants, that is, they present the (H, H), (L, L) cluster and fewer provinces are in the second and the four quadrants, reflecting the non-homogeneous characteristics of (L, H) and (H, L). It can be concluded that the SO2, NOx, and DUS emissions in different regions of China have both the characteristics of spatial cluster and heterogeneity.
After analyzing the scatter charts, we calculated Moran's I of SO2, NOx, and DUS emissions in China's provinces from 2011 to 2016 and summarized them in the bar charts in 2.7. It can be seen that the Moran's I of SO2 declines obviously, the Moran's I of NOx decreases year by year from 2011 to 2016, but rebounds in 2017, and the Moran's I of DUS experiences a large fluctuation, maintaining a low level in 2013, but increasing dramatically in 2014 and 2015 and rebounding to its lowest cluster of particles in seven years in 2017. In the past seven years, the Moran's I of the three pollutant emissions in each province has changed as shown by the line in Figure 7 , and the overall trend is down-warding, indicating that the emissions of SO2, NOx, and DUS in China have been concentrated as a whole. Moreover, in the past seven years, the positive spatial correlation has shown an overall downward trend. 
Analysis of Local Spatial Autocorrelation
We used LISA cluster analysis to analyze SO2, NOx, and DUS emissions in 2011, 2014, and 2017, which allows us to observe more directly both the spatial dependency and heterogeneity of the emissions of the three pollutants from the cluster or dispersion of different colors in the local spatial effect maps. Figure 8 shows spatial clustering distributions of SO2. It can be seen that the clustering characteristics of SO2 emissions remain unchanged in 2011, 2014, and 2017. Hebei Province is marked out by the red color, indicating that SO2 emissions are very concentrated in the region. Similar to the previous analysis, it belongs to the (H, H) cluster. Beijing, Tianjin, and Shanghai appear in blue-violet, demonstrating the (L, H) cluster. This means that in 2011, 2014, and 2017, SO2 emissions in Beijing, Tianjin, and Shanghai are lower, but are higher and more concentrated in their surrounding provinces. Most regions are gray. Shanghai and Beijing passed the 95% and 99.9% confidence intervals test, respectively, and Hebei and Tianjin passed the 99% confidence interval test. This indicates that SO2 emissions in the gray areas have not yet formed a significant local correlation with their neighboring areas.
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As can be seen from Figure 9 , the spatial distribution characteristics of NO x in 2011 and 2014 are unchanged. In 2017, Shanxi Province changed from red to gray and Shandong Province changed from gray to red. Combined with Figure 2 , we deduce that the reason might be that the neighboring province of Shanxi Province, Shaanxi Province, decreased its SO 2 emissions, and hence no (H, H) cluster was formed. Shandong Province was probably affected by its adjacent provinces like Hebei and Jiangsu, which were presented in the (H, H) clusters. Beijing, Tianjin, and Shanghai are shown in blue-violet, demonstrating the (L, H) cluster. This shows that in 2011, 2014, and 2017 NO x emissions were lower in Beijing, Tianjin, and Shanghai, but higher in their neighboring provinces, hence higher in terms of agglomeration. Most of the other regions are gray. Shanghai, Tianjin, and Beijing are significant at 0.01 significance levels, while Shandong, Hebei, and Jiangsu are significant at 0.05 significance levels. emissions in Beijing, Tianjin, and Shanghai are lower, but are higher and more concentrated in their surrounding provinces. Most regions are gray. Shanghai and Beijing passed the 95% and 99.9% confidence intervals test, respectively, and Hebei and Tianjin passed the 99% confidence interval test. This indicates that SO2 emissions in the gray areas have not yet formed a significant local correlation with their neighboring areas. As can be seen from Figure 9 , the spatial distribution characteristics of NOx in 2011 and 2014 are unchanged. In 2017, Shanxi Province changed from red to gray and Shandong Province changed from gray to red. Combined with Figure 2 , we deduce that the reason might be that the neighboring province of Shanxi Province, Shaanxi Province, decreased its SO2 emissions, and hence no (H, H) cluster was formed. Shandong Province was probably affected by its adjacent provinces like Hebei and Jiangsu, which were presented in the (H, H) clusters. Beijing, Tianjin, and Shanghai are shown in blue-violet, demonstrating the (L, H) cluster. This shows that in 2011, 2014, and 2017 NOx emissions were lower in Beijing, Tianjin, and Shanghai, but higher in their neighboring provinces, hence higher in terms of agglomeration. Most of the other regions are gray. Shanghai, Tianjin, and Beijing are significant at 0.01 significance levels, while Shandong, Hebei, and Jiangsu are significant at 0.05 significance levels. As can be seen from Figure 9 , the spatial distribution characteristics of NOx in 2011 and 2014 are unchanged. In 2017, Shanxi Province changed from red to gray and Shandong Province changed from gray to red. Combined with Figure 2 , we deduce that the reason might be that the neighboring province of Shanxi Province, Shaanxi Province, decreased its SO2 emissions, and hence no (H, H) cluster was formed. Shandong Province was probably affected by its adjacent provinces like Hebei and Jiangsu, which were presented in the (H, H) clusters. Beijing, Tianjin, and Shanghai are shown in blue-violet, demonstrating the (L, H) cluster. This shows that in 2011, 2014, and 2017 NOx emissions were lower in Beijing, Tianjin, and Shanghai, but higher in their neighboring provinces, hence higher in terms of agglomeration. Most of the other regions are gray. Shanghai, Tianjin, and Beijing are significant at 0.01 significance levels, while Shandong, Hebei, and Jiangsu are significant at 0.05 significance levels.
(2011) (2014) (2017) It can be seen from Figure 10 that the distribution characteristics of DUS spatial clusters remain unchanged in 2011 and 2014. The number of regions with significant clustering characteristics decreased in 2017, and only Hebei Province presented (H, H) cluster. Inner Mongolia, Shanxi, It can be seen from Figure 10 that the distribution characteristics of DUS spatial clusters remain unchanged in 2011 and 2014. The number of regions with significant clustering characteristics decreased in 2017, and only Hebei Province presented (H, H) cluster. Inner Mongolia, Shanxi, Henan Province changed from red to gray. Combined with Figure 3 , we estimate that the DUS emissions in Henan Province in 2017 decreased by 47.91% compared with that in the previous year, which has an impact on the clustering characteristics of Shanxi Province. It shows that the DUS emissions in Shanxi Province decreased by 36.35% compared with the previous year, affecting the (H, H) characteristics in Inner Mongolia. Beijing, Tianjin, and Shanghai are shown blue-violet in color, hence the (L, H) cluster. This indicates that NO x emissions of these three cities are similar to those of their surrounding provinces in three years. Shanghai passed the 95% confidence interval test, and Beijing, Tianjin, and Hebei passed the 99% confidence interval test. 
Analysis of Factors Affecting the Spatial Evolution of Urban Pollution
In order to explore the factors influencing the spatial distribution of SO2, NOx, and DUS, we used MATLAB to estimate the SLM and SEM of the three pollutants, and thus to compare the results between the two. Tables 1 and 2 present all of the results. 
In order to explore the factors influencing the spatial distribution of SO 2 , NO x , and DUS, we used MATLAB to estimate the SLM and SEM of the three pollutants, and thus to compare the results between the two. Tables 1 and 2 present all of the results. * Correlation is significant at the 0.1 level (two-tailed); ** Correlation is significant at the 0.05 level (two-tailed); *** Correlation is significant at the 0.01 level (two-tailed).
The estimation results given in Tables 1 and 2 show the goodness of fit R 2 of the SLM and the SEM for SO 2 pollutant are 0.6587 and 0.6548, respectively. This indicates that the SLM and the SEM fit well. Spatial effect included, the model with maximum likelihood estimation can effectively avoid the deviation of results caused by the traditional Least Squares Estimation. As can be seen from the above table, Log-likelihood of the SLM is −215.16349, LM value is 0.0470, and p value is 0.828, greater than 0.1, hence failing the significance level test at the 90% confidence interval. Robust LM value is 6.4067, and p value is 0.011, passing the significance level test at 95%. Log-likelihood value of the SEM is −210.86564, which is greater than the Log-likelihood value of the SLM, LM value is 6.2571, and p value is 0.012, hence passing the significance level test at 95%. Robust LM value is 12.6169, and p value is 0.000, passing 99% confidence interval test. To avoid estimation errors, the multicollinearity among independent variables also had been tested. The results show that variance inflation factors (VIF) of all independent variables are below 10, indicating that there is no multicollinearity among independent variables. Hence, the results show that the Spatial Error Model is more optimal for the study of influencing factors of SO 2 pollutants. The explanatory coefficients in the model all passed the significance test at 99% confidence level, among which the industry location quotient, the urbanization rate and the amount of foreign direct investment are positively correlated with SO 2 emissions, with the urbanization rate most obvious. Population density and per capita GDP are negatively correlated with SO 2 emissions, and per capita GDP has a significant negative impact.
The R 2 values of SLM and SEM for NO x were 0.6035 and 0.5911, respectively, demonstrating that the fitting of the SLM is more optimal than the SEM. Log-likelihood value of the SLM is −153.66707, LM value is 0.3230, and p value is 0.570, which is less significant. Robust LM value is 6.8686, and p value is 0.009, passing the significance level test at 99%. Log-likelihood value of the SEM is −148.61153, which is bigger than that of the SLM, LM value is 5.6355, and p value is 0.018, considerably significant at 95%. Robust LM value is 12.1811, and p value is 0.000, extremely significant at 99% confidence interval test. The results show that when studying the influencing factors of NO x pollutant emissions, the SEM is more optimal as the explanatory variable coefficients in the model are all significant with a 99% confidence level. Except for the negative correlation between population density and per capita GDP and NO x emissions, other factors generate positive correlations, among which is the fact that the more industries that cluster together, the higher the NO x emissions.
The factors influencing SO 2 and NO x emissions are affected by both pollutants in the same direction, but the urbanization rate has stronger influence on SO 2 emissions than industry agglomeration. The IND is the most influential factor of NO x emissions. In addition, per capita GDP has a strong negative impact on SO 2 emissions.
The R 2 value of the SLM and SEM for DUS is 0.4370 and 0.3824, respectively, reflecting that the fitting of the SLM is more optimal than the SEM. Log-likelihood value of the SEM is −232.56495, higher than that of the SLM, which is −237.26945. LM value and Robust LM value of the SLM are 1.3893 and 0.0479, respectively. LM value and Robust LM value of the SEM are 2.2220 and 0.8806, respectively. This indicates that when studying the factors for DUS emissions, the SLM should be used as except for population density, the explanatory variables in the model are all significant at the level of 0.01. Industry agglomeration has a strong negative effect on the emissions of DUS, while urbanization rate and foreign direct investment have positive impact.
Discussion
This paper has explored the spatial evolution of urban pollution by analyzing the spatial distribution characteristics of SO 2 , NO x and DUS emissions. Using spatial panel data model, we have empirically investigated these three pollutants in 30 provinces of China. We found that:
(1) The three pollutants show significant spatial cluster, but different pollutants show variation in areas: (1) with industrial location quotient, urbanization rate, and foreign direct investment amounts, with urbanization rates as the most obvious factor. SO 2 , NO x , and DUS emissions are negatively correlated with population density and per capita GDP, with the latter being particularly obvious. For NO x , excluding the evidence that population density and per capita GDP are inversely correlated, other factors have a positive impact. Particularly, the stronger the industrial concentration, the higher the NO x emissions. As for DUS emissions, the explanatory variables, except for population density, are significant at the significance level of 0.01, reflecting that industrial clustering has a strong negative correlation on the DUS emission; while both urbanization rate and foreign direct investment have a positive correlation.
According to the results, major applications are as follows: First, in general, the main pollution areas remain consistent geographically, and are persistently located in mostly western and northeastern regions and some parts of central China. In addition, all three pollutants exhibit significant high and low agglomeration in the same regions. As a result, the first step towards this problem is to track the source of the problem. Governments should enhance supervision and punishment on existing pollution sources, and through joint commitment and cooperation among neighboring regions, it should strengthen public awareness and education about the dangers and damage that result from pollution. Meanwhile, governments should also establish supervisory mechanisms among the general public. All of these measures should be taken to address the problem and safeguard the environment in an all-round way. In addition, governments should also work on reducing the emission of pollutants in congregated areas, and therefore, facilitate balancing ecological development among regions through policy guidance and industrial adjustment.
Second, a solid work should be carried out to manage the pollutants and promote coordinated and sustainable development of all regions. Industrial structure and urbanization have a considerably positive impact on SO 2 and NO x emissions, while these same aspects have a strong negative effect on DUS. Therefore, regions should comprehensively consider the severity of various pollutants and key influencing factors in their own regions so as to develop sound management plans to control pollutant emissions. To achieve effective results, it is also necessary to promote sustainable public transportation, and to increase monitoring of corporate engagement in environmental protection and sustainable development.
Third, focus should also be put on how to increase the proportion of tertiary industry and prevent "dirty industries" driven by foreign markets from thriving in China. Per capita GDP has a strong negative impact on SO 2 , NO x , and DUS emissions, and the economy of cities is negatively correlated with the emission of atmospheric pollutants. FDI, however, has a positive impact on all three pollutants, demonstrating that foreign investment, to some extent, aggravates urban pollution. Therefore, regions should readjust the existing development structure, deepen supply-side reform, accelerate the renewal of conventional industries, raise the proportion of the tertiary industry, and seek to substitute their original economic model of high pollution and high energy consumption with a model that does not flourish at the expense of the environment. Moreover, regions should also prevent foreign industries with high pollutions from moving their sites in. Other measures include adjusting urban ecological environments by increasing green spaces in cities and seeking sustainable development of cities.
Limitations and Prospects
By analyzing the three pollutants of SO 2 , NO x , and smoke dust, this paper has studied the spatial evolution of urban pollution along with its influencing factors and achieved some conclusions. However, there are still some limitations, which can be improved with more in-depth research.
(1) The data samples are still insufficient. Due to the incompleteness of the data from the statistical yearbook, this study only measured data for seven years. A follow-up study can add data from additional periods of time to observe dynamic changes. Additionally, pollutants can further be classified. For example, smoke and dust pollutants can be subdivided into PM10, PM2.5 and others according to international pollutant statistic standards. Future studies can specify the classification of pollutants and adopt international monitoring and statistic indicators to make their research results more comparable. (2) The factors discussed can be more inclusive. The factors included in this paper have not covered all the influencing factors. Some are left out, such as educational factors. Some models can be more convincing when more factors are included. For example, future study may cover more factors that influence the generation of smoke dust. In the meantime, the scope of the study can be extended to distinguish the counteractive of different pollutants to different factors.
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